This work aims to model and relate the urban density and land surface temperature (LST) by a straightforward and efficient approach. Although the urban density-LST relation is widely addressed in literature, this study allows for its modeling and parameterization in an accurate way, providing a further scientific support for the city planning policy. The urban density and the LST analysis is carried out in the Bangkok area for the years 2004, 2008, 2012, and 2016; in this time interval, the city exhibited an evident urban expansion. Firstly, by using land cover maps obtained from Landsat reflective observations, the urban land density growth across the years studied is evaluated by applying a ring-based approach, a method employed in urban theory, providing urban density curves as a function of the distance from the city center. For each year, the urban density curve is well modeled by an inverse S-shape function, the parameters of which highlight an urban sprawl over the years studied and an outskirt growth in recent years. Then, employing 237 MODIS LST images, the night-time and daytime mean LST patterns for each year were processed applying the same ring-based analysis, obtaining LST trends versus distance. Albeit the mean LST decreases away from the city core, the daytime and night-time trends are different in both shape and values. The daytime LST exhibits a trend also modeled by an inverse S-shape function, whereas the night-time one is modeled by a quadratic function. Finally, the urban density-LST relationship is inferred across the years: For daytime, the relation is quadratic with a coefficient of determination r 2 around 0.98-0.99, whereas for night-time the relation is linear with r 2 of the order of 0.95-0.96. The proposed approach allows for reliable modeling and to straightforwardly infer a very accurate urban density-LST relationship.
Introduction
The rapid urbanization process plays a key role in the heating phenomenon known as urban heat island (UHI) [1] , involving both air and surface temperatures in different ways [2] . The UHI has effects on human comfort, air pollution, energy management, urban planning policy, and climate changes [3] [4] [5] [6] [7] . In fact, land surface temperature (LST) images retrieved from satellite sensor thermal observations, from which UHI maps are derived, supply a scientific support to assess if the urban development model is compliant with the environmental sustainability [8] [9] [10] [11] .
Over the years, land use and land cover changes have different environmental implications and the urbanization, i.e., the conversion of natural surfaces to uses associated with population and economy growth, has a great impact on urban climate. Field measurements and numerical simulations prove that changes in surface properties and vegetation presence in urban areas can be effective in modifying the near-surface local climate [12] . The LST decreases as the albedo of built-up surface increases, whilst the same trend is not generally followed by the air temperature [13] . A review of the potential strategies to mitigate the urban heat island effects that are applicable in the design phase of urban development is found in [14] .
Urban studies increasingly require accurate and widespread spatial information to monitor the land use changes and the surface thermal pattern [15] . Remote sensing instruments provide data over large areas and suitable image processing and statistical analysis allow to derive spatial parameters useful to detect urban changes and thermal involvements. The employment of satellite remote sensing technologies in urban studies is useful since the multi-temporal and multispectral images are easily integrated into geographic information systems (GISs) [16, 17] .
In literature, different works have been proposed to infer a relationship between urban land covers and LST changes. For instance, the significant role of land use/cover changes in the variation of land surface temperatures is reiterated in [18] [19] [20] . The effect of urban impervious surfaces on LST considering different scales in time and space is reported in [21] . A city-specific analysis of annual LST variations resulting from increasing urbanization is described in [22] .
By means of satellite imagery, the proposed work will provide a further insight into the relationship between urban density and heating effects, useful for city planning policy, supported by model parameterization. This study first addresses the identification of the urban land density growth across the years 2004, 2008, 2012 , and 2016 over the Bangkok (Thailand) area using Landsat reflective observations. In Bangkok, exhibiting a monocentric urban expansion, the urban density is expected to be higher in the city core and to decrease toward the hinterland, i.e., the urban fringes. Usually, the urban land density trend versus distance is not linear or describable by a negative exponential or an inverse power function. As illustrated and analyzed in [23] , several cities exhibit a density curve having an inverse S-shape. This means that the built-up land density diminishes slightly in the main city core, whilst the decreasing rate is more evident in the intermediate urban/suburban areas, then, it diminishes slowly again in the outskirts and urban fringes. To model an urban density exhibiting this behavior with a suitable fitting curve, as the inverse S-shape function, a standardized approach was applied: It is based on a concentric ring partitioning, as described in [23] , providing an urban density curve as a function of the distance from the city center. Then, using 237 MODIS LST images, the mean LST pattern for each of the four years, considering night-time and daytime separately, was processed applying the same ring-based analysis. Overall, the first aim of the work is the modeling and parameterization of both mean LST and urban density curves as a function of the distance from the city center, using a nonlinear least-squares fitting method. Then, the urban density-LST relationship is inferred across the years, highlighting the impact of the urban expansion on the daytime and night-time surface heating.
Study Area
The study area of the proposed work is Bangkok, the capital and the most populated and largest city in Thailand, see Figure 1 , with a population of 6.3 million within the municipality. The urban area, crossed by the Chao Phraya River delta, is characterized by a low-lying topography with the presence of several parks in the Bangkok city core, although the overall greenery presence in the city is moderate [10] . The city core is mainly constituted by medium/high-density residential zones, commercial areas, historical protection zone, and military and public utilities zones [10, 24] .
It has a tropical climate, influenced by the Asian monsoon occurring between October and February, with the air temperatures ranging from an average value of 22 • C in December to 35 • C in April. Three seasons are experienced in Bangkok: Winter, summer, and the rainy season. The winter season starts in November until mid-February, the summer season begins at mid-February until mid-May, and the rainy season takes place between mid-May and October. The dry northeast monsoon occurs between October and February, when the summer season starts. A previous work [25] highlighted the presence of a surface urban heat island (SUHI) pattern quite similar in winter and summer, more evident in daytime (mean peak of 6 • C) with respect to night-time (mean peak 1-2 • C).
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Data Sets

Landsat Data
Land Use and Land Cover (LULC) maps of the Bangkok area (90 km × 90 km) for years 2004, 2008, 2012 , and 2016, see Figure 1b , were retrieved by processing eight cloud-free images of reflective data measured by a Landsat-7 Enhanced Thematic Mapper Plus (ETM+) and Landsat-8 Operational Land Imager (OLI) and are reported in Table 1 . Each Landsat platform covers the same area every 16 days. These images, with reflective bands in the visible, near-infrared, and short-wavelength infrared and a spatial resolution of 30 m, were downloaded from the US Geological Survey (USGS) archive [26] . The Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) atmospheric correction model embedded in the ENVI 4.5 software was applied.
The LULC maps provide three types of land cover, namely built-up (or urban), agricultural, and water body classes, derived by a supervised maximum likelihood classification approach using ENVI 4.5 [27, 28] . The LULC map accuracy was evaluated by selected sites in Google Earth Pro highresolution images, providing a Kappa coefficient of 0.81, 0.91, 0.87, and 0.83 for the land cover maps of 2004, 2008, 2012 , and 2016, respectively, and an overall accuracy of 89% as a mean value for the four maps.
MODIS Data
Products from a MODIS sensor onboard Terra and Aqua satellites were employed to map the land surface temperature over the area of interest, downloaded from the Oak Ridge National Laboratory Distributed Active Archive Center (ORNL DAAC) website [29] . Both Landsat and MODIS products are projected into the Universal Transverse Mercator (UTM)-WGS 84 coordinate system. MOD11A2 (Terra) and MYD11A2 (Aqua) eight-day LST products, having 1-km spatial Table 1 . Each Landsat platform covers the same area every 16 days. These images, with reflective bands in the visible, near-infrared, and short-wavelength infrared and a spatial resolution of 30 m, were downloaded from the US Geological Survey (USGS) archive [26] . The Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) atmospheric correction model embedded in the ENVI 4.5 software was applied.
The LULC maps provide three types of land cover, namely built-up (or urban), agricultural, and water body classes, derived by a supervised maximum likelihood classification approach using ENVI 4.5 [27, 28] . The LULC map accuracy was evaluated by selected sites in Google Earth Pro high-resolution images, providing a Kappa coefficient of 0.81, 0.91, 0.87, and 0.83 for the land cover maps of 2004, 2008, 2012 , and 2016, respectively, and an overall accuracy of 89% as a mean value for the four maps.
Products from a MODIS sensor onboard Terra and Aqua satellites were employed to map the land surface temperature over the area of interest, downloaded from the Oak Ridge National Laboratory Distributed Active Archive Center (ORNL DAAC) website [29] . Both Landsat and MODIS products are projected into the Universal Transverse Mercator (UTM)-WGS 84 coordinate system. MOD11A2 (Terra) and MYD11A2 (Aqua) eight-day LST products, having 1-km spatial resolution, were used. These LST images consist of daily 1-km LST values averaged over an eight-day period. For the LST retrieval from MODIS observations, a split-window algorithm in clear-sky conditions is adopted, producing an accuracy better than 1 K [30] . Cloudy pixels in each image are masked out.
In this study we excluded the LST products during the rainy/monsoon season (May-October), having very few cloud-free images. Therefore, within each year LST maps during the winter season (November-January) and the summer season (February-April) were considered.
Terra satellite passes over Thailand at approximately 10:00 a.m. and 22:00 local time; Aqua satellite at around 14:00 and 2:00 a.m. (local time is +7:00 from UTC time).
Overall, we considered all the winter and summer MODIS LST images for the four years selected, i.e., 2004, 2008, 2012, 2016 : A total of 237 clear-sky images (81, 37, 50, and 69 for 2004, 2008, 2012 , and 2016, respectively) were processed. Specifically, for each year, all the images were divided into daytime (10:00 and 14:00) and night-time (22:00 and 02:00). Then, they were averaged producing two mean LST images over Bangkok. In this way, a mean LST pattern for each specific year is available, with night-time and daytime considered separately, at a 1-km spatial resolution. As an example, Figure resolution, were used. These LST images consist of daily 1-km LST values averaged over an eightday period. For the LST retrieval from MODIS observations, a split-window algorithm in clear-sky conditions is adopted, producing an accuracy better than 1 K [30] . Cloudy pixels in each image are masked out.
Overall, we considered all the winter and summer MODIS LST images for the four years selected, i. , and 2016, respectively) were processed. Specifically, for each year, all the images were divided into daytime (10:00 and 14:00) and night-time (22:00 and 02:00). Then, they were averaged producing two mean LST images over Bangkok. In this way, a mean LST pattern for each specific year is available, with night-time and daytime considered separately, at a 1-km spatial resolution. As an example, Figure 2 
Methods
Urban Land Density Computation
An urban area is constituted by impervious surfaces and urban vegetation zones, the former represented by a built-up environment dominating the urban texture. The main urban area for a city includes the urban center or urban core, the inner suburban zones, and the outskirts.
In this study, a standardized approach for defining the spatial extent of a city and the urban land density was applied: It is based on a concentric ring partitioning, as described in [31, 32] , a method with a limited bias [23] .
Therefore, once the study area center has been identified, Bangkok city was partitioned into a series of concentric rings 1-km wide, expanding outward starting from the center. The outer ring, representing the urban fringes (outside border), was selected to comprise metropolitan area outskirts that show a certain continuity of built-up surface presence.
The concentric partition of Bangkok is shown in Figure 3 . The city center (latitude 13°45′7″N, longitude 100°31′48″E) is positioned in the commercial core zone; overall, Bangkok exhibits a monocentric urban expansion. For the four years 2004-2008-2012-2016 , the urban land density in each ring was computed considering the pixels classified as "urban" in the LULC Landsat maps, i.e., dividing the area of the urban land by the total land area of the ring. Water pixels were discarded in the density computation [23] .
From Figure 3 , we can see that the missing part of the rings in the bottom is located over the sea, and therefore not considered in the density computation. 
Methods
Urban Land Density Computation
The concentric partition of Bangkok is shown in Figure 3 . The city center (latitude 13 • 45 7 N, longitude 100 • 31 48 E) is positioned in the commercial core zone; overall, Bangkok exhibits a monocentric urban expansion. For the four years 2004-2008-2012-2016 , the urban land density in each ring was computed considering the pixels classified as "urban" in the LULC Landsat maps, i.e., dividing the area of the urban land by the total land area of the ring. Water pixels were discarded in the density computation [23] .
Inverse S-Shape Function
The spatial variation of urban land density as a function of the distance from the city center can be described by a modified sigmoid function exhibiting an inverse S-shape as reported in [23] 
where: f is the urban density, r is the distance from the city center; c is a constant, asymptote of f, representing the background value of the urban built-up density in the outskirts (or hinterland) of the city. When c increases, it means that manmade surfaces in the hinterland grow due to the urban development of the study area; α is a constant controlling the slope of the density function; D is a constant estimating the radius of the main urban area. When D increases with time, it indicates the expansion of the urban area for a city. The parameter interpretation is reliable when a monocentric urban expansion is assumed, as for Bangkok; for multinucleated cities such urban density fitting is not suitable.
As theoretically demonstrated in [23] , significant parameters to evaluate the compactness of a city can be derived from Equation (1) . The compactness refers to a high urban density in the city core and to a sharp reduction in the areas surrounding the core: Compact cities have f(r) with a steep slope, whilst for sprawling cities f(r) is clearly less steep. The f(r) slope, kS, computed in the intermediate urban zone between the city core and the urban fringes, is defined as [23] 
The kS (1/km) value is prone to decrease when the city exhibits an expansive urban growth.
Model Parameter Evaluation
In order to fit the function f(r) to the selected data, a nonlinear least-squares fitting method was applied. This approach fits the nonlinear model in Equation (1) to the data by estimating and refining the coefficients c, α, and D using an iterative process. The nlinfit function of the Statistic Toolbox of MATALAB R2015a, based on an iterative least-squares estimation, was employed to compute the f(r) parameters shaping the urban density curve for each year.
The same nlinfit function is also used for the parameterization of different nonlinear fitting models, as reported in Section 5. 
Inverse S-Shape Function
As theoretically demonstrated in [23] , significant parameters to evaluate the compactness of a city can be derived from Equation (1). The compactness refers to a high urban density in the city core and to a sharp reduction in the areas surrounding the core: Compact cities have f (r) with a steep slope, whilst for sprawling cities f (r) is clearly less steep. The f (r) slope, k S , computed in the intermediate urban zone between the city core and the urban fringes, is defined as [23] :
The k S (1/km) value is prone to decrease when the city exhibits an expansive urban growth.
Model Parameter Evaluation
In order to fit the function f (r) to the selected data, a nonlinear least-squares fitting method was applied. This approach fits the nonlinear model in Equation (1) to the data by estimating and refining the coefficients c, α, and D using an iterative process. The nlinfit function of the Statistic Toolbox of MATALAB R2015a, based on an iterative least-squares estimation, was employed to compute the f (r) parameters shaping the urban density curve for each year.
The same nlinfit function is also used for the parameterization of different nonlinear fitting models, as reported in Section 5.
Normalized LST
The application of the ring analysis to the temperature maps provides a mean LST trend versus distance as well as urban land density. To compare data from images of different years and seasons, considering the inter-annual variability of the atmospheric conditions, the LST for each pixel is scaled between the maximum and minimum values obtaining the normalized LST n by the relation [33] :
where LST is the land surface temperature of a pixel, LST max and LST min are the maximum and minimum values of the study area for a specific scene. LST n , computed to reduce the atmospheric condition effects for multi-year maps, is not an absolute surface temperature, but a generalized measure represented by an index between 0 and 1 (as the urban density) describing the variation pattern of the surface heating. In this work, first the LST n pattern from the eight mean LST maps of 2004, 2008, 2012 , and 2016 is computed. Then, the mean daytime and night-time LST n in each 1-km wide ring of Figure 3 , discarding the water pixels, is produced. In the next section, we will show the results of this approach, the modeling and the comparison with the urban land density variation.
Results
Urban Land Density Modeling
By using the approach shown in Figure 3 , the urban land density variation with the distance from the city center is reported in in Figure 4 for the four years.
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Urban Land Density Modeling
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Normalized LST Modeling
The mean LSTn as a function of the distance from the city center is computed for daytime and night-time, and is reported in Figure 6 . The k S parameter, see Table 2 , decreases as the year increases, suggesting an expansive suburban growth trend: The 2016 density function of Figure 5 shows a less steep slope with respect to previous years and therefore the built-up density, from the city core towards the hinterland, has a more smoothed reduction. 
The mean LST n as a function of the distance from the city center is computed for daytime and night-time, and is reported in Figure 6 . The kS parameter, see Table 2 , decreases as the year increases, suggesting an expansive suburban growth trend: The 2016 density function of Figure 5 shows a less steep slope with respect to previous years and therefore the built-up density, from the city core towards the hinterland, has a more smoothed reduction. 
The mean LSTn as a function of the distance from the city center is computed for daytime and night-time, and is reported in Figure 6 . Even though the mean LST n decreases away from the city center, daytime and night-time behavior is different in both values and shape. During the daytime, the LST n values range from 0.4 to 0.9, whereas at night the range is between 0.2 and 0.7. The daytime LST n for 2012 and 2016 keeps high values up to 18 km, whereas during the night high values are kept up to 4 km: This fact highlights a strong daytime urban heating expansion beyond the urban core in recent years, which is smoothed at night-time. Overall, the decreasing rate is more evident in the intermediate urban/suburban areas, whilst in the outskirts and urban fringes the diminishing trend is slighter.
In the first 8 km from the center, where the high urban land density has not exhibited significant changes during the years as shown in Figure 4 , the daytime LST n values are rather steady, whereas the night-time ones are stable in the first 4 km and decrease from 4 to 8 km, see Figure 6 . This behavior suggests a perceptible night-time cooling effect in the outermost city core with respect to the first 4 km. Concerning the fitting function for data of Figure 6 , the daytime mean LST n exhibits a trend that is again describable by an inverse S-shape function, whereas the night-time one follows a simpler quadratic function. Figure 7 shows the results of the function fitting, with the corresponding parameters and r 2 . The high r 2 values prove the fitting reliability in describing the LST density variability.
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In the first 8 km from the center, where the high urban land density has not exhibited significant changes during the years as shown in Figure 4 , the daytime LSTn values are rather steady, whereas the night-time ones are stable in the first 4 km and decrease from 4 to 8 km, see Figure 6 . This behavior suggests a perceptible night-time cooling effect in the outermost city core with respect to the first 4 km. The night-time LST growth with years arises from about 8 km from the city center up to the urban fringes, with similar values for the two pairs 2004-2008 and 2012-2016. Beyond 8 km, the daytime growth with years is more intense.
Concerning the fitting function for data of Figure 6 , the daytime mean LSTn exhibits a trend that is again describable by an inverse S-shape function, whereas the night-time one follows a simpler quadratic function. Figure 7 shows the results of the function fitting, with the corresponding parameters and r 2 . The high r 2 values prove the fitting reliability in describing the LST density variability. The daytime inverse S-shape function features a LST growth in the urban fringes as proved by the rise of c in the last period. The kS parameters, shown in Table 3 , are quite similar over the first three years; the lower kS value of 2016 indicates a daytime thermal expansion, also confirmed by the curve slope smoothing for 2016 in Figure 7a , showing a heating growth in the suburban areas and outskirts. This sprawling heating trend reflects the expansive suburban growth trend of Table 2 . The outermost areas, if not densely urbanized, contain large rural zones which help reduce the warming rate of the outskirts and suburban zones, especially at night [34] , as shown in Figure 7b . The daytime inverse S-shape function features a LST growth in the urban fringes as proved by the rise of c in the last period. The k S parameters, shown in Table 3 , are quite similar over the first three years; the lower k S value of 2016 indicates a daytime thermal expansion, also confirmed by the curve slope smoothing for 2016 in Figure 7a , showing a heating growth in the suburban areas and outskirts. This sprawling heating trend reflects the expansive suburban growth trend of Table 2 . The outermost areas, if not densely urbanized, contain large rural zones which help reduce the warming rate of the outskirts and suburban zones, especially at night [34] , as shown in Figure 7b . 
Urban Density-LST Relationship
It is interesting to evaluate if the urban density data and the mean LST n computed in each concentric ring show a distinct and accurate relationship. Figure 8 reports the yearly scatterplots for day and night, with the correspondent regression equations and r 2 .
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It is interesting to evaluate if the urban density data and the mean LSTn computed in each concentric ring show a distinct and accurate relationship. Figure 8 reports the yearly scatterplots for day and night, with the correspondent regression equations and r 2 . For night-time, the fitting with the highest coefficient of determination is linear, with an r 2 value of approximately 0.95-0.96, whereas for daytime it is quadratic, with an r 2 value of approximately 0.98-0.99. The r 2 values prove the efficiency of the relationship determined for urban density-LSTn, with the daytime one exhibiting a very high accuracy. It is important to notice that the LST normalization does not alter the curve behavior with respect to the ones not normalized, the latter providing the same coefficients of determination.
Discussion
The proposed research focuses on urban areas and surface heating patterns: the topic choice originates from the increasing interest in monitoring and prediction of the impact of heat events in worldwide cities, exposed to climate changes by global warming and localized urbanization effects such as the UHI [35] .
Specifically, the first aim of this work is to compute the urban density and the mean LST curves as a function of the distance from the city center, and to model and parameterize them with fitting functions. In this way, clear and quantitative information regarding the urban density and LST behavior moving away from the city center is provided: the study can be easily replicated for other megacities exhibiting an urban growth across the years.
The results show that the Bangkok urban density curves are fitted by inverse S-shape functions with r 2 equal to 0.99, reflecting the slight density decrease in the main city core and outskirts and the steeper slope in the intermediate urban areas; in Jiao [23] , using the same ring approach and fitting function across 28 Chinese cities, the r 2 values range between 0.88 and 0.99.
Concerning the surface temperature curve modelling, inverse S-shape and quadratic functions fitted the daytime and nighttime mean LSTn, respectively, highlighting the different heating mechanisms between day and night. The nighttime cooling effect just outside the 4-km ring, as detailed in Section 5.2, is not observed during daytime. Also, the daytime LST growth in the intermediate urban area is more intense. The day-night different shape may be ascribed to different factors. As reported in [10] , the area surrounding the city core is constituted by residential, commercial and public zones: during the daytime, the intense human activities and the combined traffic congestion increase the surface warming, enlarging the heat island footprint [25] ; during nighttime, due to the reduced working activities, a mitigation of the heating intensity and its footprint For night-time, the fitting with the highest coefficient of determination is linear, with an r 2 value of approximately 0.95-0.96, whereas for daytime it is quadratic, with an r 2 value of approximately 0.98-0.99. The r 2 values prove the efficiency of the relationship determined for urban density-LST n , with the daytime one exhibiting a very high accuracy. It is important to notice that the LST normalization does not alter the curve behavior with respect to the ones not normalized, the latter providing the same coefficients of determination.
Concerning the surface temperature curve modelling, inverse S-shape and quadratic functions fitted the daytime and nighttime mean LST n , respectively, highlighting the different heating mechanisms between day and night. The nighttime cooling effect just outside the 4-km ring, as detailed in Section 5.2, is not observed during daytime. Also, the daytime LST growth in the intermediate urban area is more intense. The day-night different shape may be ascribed to different factors. As reported in [10] , the area surrounding the city core is constituted by residential, commercial and public zones: during the daytime, the intense human activities and the combined traffic congestion increase the surface warming, enlarging the heat island footprint [25] ; during nighttime, due to the reduced working activities, a mitigation of the heating intensity and its footprint in such Bangkok zones is evident, as shown in [25] . The role of the anthropogenic heat release (e.g., air conditioning systems, energy use in transportation) as essential contributor to daytime urban warming due to intense human and economic activities is also confirmed in [6, 36, 37] .
In this intermediate urban area, further investigations are needed to explain the highest surface temperature values for 2012 with respect to 2016. This behavior could be ascribed to changes over the years of the intrinsic factors underlying the urban heating dynamics (anthropogenic heat release, surface albedo and agricultural/rural classes), which affect the mean LST and may potentially explain the occasional crossings of the daytime yearly LST n curves, unlike the urban density curves. In fact, the heat released from energy consumption can modify its intensity during the years, as well as changes in materials and albedo of pavement surfaces and building rooftops affect the thermal patterns [8, 14] . Also, in the suburban areas and outskirts, the mean surface temperature is not only driven by the built-up area, but also by the agricultural classes that can experience changes during the years due to different crop practices. The surface transformations of agricultural classes implicate thermal condition variations (the more evident is for the bare soil-vegetation change). A more complete understanding of such LST variations needs an in-depth temporal and spatial investigation of these factors not analyzed here.
Anyway the study, carried out across the years both daytime and nighttime processing a great amount of MODIS images to encompass a multiplicity of surface thermal conditions, makes the research reliable and meaningful. In addition, the proposed model parameterization allows to identify how the suburban sprawl trend is reflected in a heating sprawl in the suburban areas. The analysis of the city compactness or dispersion, evaluated by the fitting function slope parameter, can be an index of the current and future thermal environment [38] , providing a further indication for perspective urban developments. In fact, as reported in [38] for Beijing (China), numerical model experiments show that a dispersed city is efficient in mitigating the mean UHI intensity, but produces a larger regional warming effect spread out over the entire urban area compared to a compact city.
The second aim of the work is to infer the urban density-LST relationship. The accurate fitting results, confirmed by r 2 ranging from 0.95 to 0.99, is obtained by a straightforward approach, providing an additional understanding of the relation between urban land density and heating effects, useful as a scientific support to a sustainable urban planning policy. An interesting comparison can be performed with the results reported in [39] , where the relationship LST-impervious surface density was inferred by a ring-based approach in Bangkok, Jakarta (Indonesia), and Manila (Philippines), using data from a single Landsat-8 passage. A linear relationship was found, with r 2 equal to 0.62, 0.92, and 0.82 for Bangkok, Jakarta and Manila, respectively, with greater dispersion in correspondence of the highest values of urban density. In our work such dispersion is less evident, since the annual mean mitigates the surface thermal variabilities. Morabito et al. [22] , using mean LST from MODIS over a 13-year, observed linear relationships between built-up surface per km 2 and LST for 4 Italian cities, with r 2 in the range 0.57-0.77.
On the other hand, uncertainties and limitations remain in this research: first, the urban density and the mean LST are functions of the city center distance, but the ring-based analysis does not allow to identify if an evident directional anisotropy occurs. Second, the study examined the mean LST for clear days, whose values might be significantly larger than those in cloudy conditions, especially for surfaces with high solar radiation absorption. Although the applied LST normalization reduces the thermal variabilities, some effects could persist. Third, as previously pointed out, a more complete understanding of the LST anomalies in the yearly growth needs a detailed analysis and complementary data, both in time and space, of surface material changes, rural class modifications and human activity intensity. Finally, an investigation on the relationship between the mean LST trend and the city topography, e.g., the horizontal and vertical building distribution, is a further analysis that can improve the understanding of this topic.
Conclusions
Although the analysis of the impact of the urban land covers on the surface thermal pattern is widely addressed in literature, the application of the ring-based method to the two investigated dataset (built-up density and LST) allows to model and characterize them across the years as a function of the distance from the city center. Such standpoint provides a reliable fitting model of the two parameters and a straightforward and accurate relation between them.
The study is efficient and reliable for a city exhibiting a monocentric urban sprawl and, taking into account the daily/monthly variability of an urban LST pattern, it is important to process a great amount of satellite images if the study is aimed to provide a comparison across years (in this work 237 clear-sky MODIS scenes were processed). Moreover, this approach could be applied to other geophysical parameters retrievable from satellite images in order to evaluate their correlation with respect to the built-up density variability moving away from the city core. However, further investigations would improve this study: refinements in the ring-based approach for a potential anisotropy identification, comparison studies with other megacities in different parts of the world, analysis of the LST trend with the city topography.
